Abstract. Rainfall erosivity, considering rainfall amount and intensity, is an important parameter for soil erosion risk assessment under future land use and climate change. Despite its importance, rainfall erosivity is usually implemented in models with a low spatial and temporal resolution. The purpose of this study is to assess the temporal-and spatial
Abstract. Rainfall erosivity, considering rainfall amount and intensity, is an important parameter for soil erosion risk assessment under future land use and climate change. Despite its importance, rainfall erosivity is usually implemented in models with a low spatial and temporal resolution. The purpose of this study is to assess the temporal-and spatial distribution of rainfall erosivity in form of the (Revised) Universal Soil Loss Equation R-factor for Switzerland. Time series of 22 yr for rainfall (10 min resolution) and temperature (1 h resolution) data were analysed for 71 automatic gauging stations distributed throughout Switzerland. Regression-kriging was used to interpolate the rainfall erosivity values of single stations and to generate a map for Switzerland. Latitude, longitude, average annual precipitation, biogeographic units (Jura, Midland, etc.) , aspect and elevation were used as covariates, of which average annual precipitation, elevation and the biographic unit (Western Central Alps) were significant (p < 0.01) predictors. The mean value of long-term rainfall erosivity is 1330 MJ mm ha −1 h −1 yr −1 with a range of lowest values of 124 MJ mm ha −1 h −1 yr −1 at an elevated station in Grisons to highest values of 5611 MJ mm ha −1 h −1 yr −1 in Ticino. All stations have highest erosivity values from July to August and lowest values in the winter months. Swisswide the month May to October show significantly increasing trends of rainfall erosivity for the observed period (p < 0.005). Only in February a significantly decreasing trend of rainfall erosivity is found (p < 0.01). The increasing trends of rainfall erosivity in May, September and October when vegetation cover is scarce are likely to enhance soil erosion risk for certain agricultural crops and alpine grasslands in Switzerland.
Introduction
Soil erosion by water in Switzerland is a major environmental threat because Switzerland is one of the countries where strongest effects of climate change are expected (Beniston, 2006; IPCC, 2007) . In addition, profound land use changes occur predominantly in the susceptible mountainous areas (Tasser and Tappeiner, 2002; Mottet et al., 2006; Meusburger and Alewell, 2008) . Rainfall is one of the main drivers of soil erosion by water. Climate change may lead to changes in rainfall characteristics and is thus a major concern to soil conservation. The relation between rainfall and sediment yield is given by the rainfall erosivity, which quantifies the kinetic energy of raindrop impact and rate of associated surface runoff. As field measurements of the kinetic energy of rainfall are scarce both in space and time, numerous works have assessed the relationship between conventional rainfall characteristics and soil detachment e.g. Hudson (1971) for the USA and some regions in Africa, Lal (1976) for Nigeria and Arnoldus (1977) for Morocco. The most prominent and widely-used for temperate zones is probably the (Revised) Universal Soil Loss Equation R-factor, which is the sum of all erosive events during a one year period (Wischmeier and Smith, 1978; Brown and Foster, 1987; Renard et al., 1997) .
Few torrential rainfall events are often responsible for large sediment yields, these events cannot be identified from rainfall data with low temporal resolution (Renard et al., 1997) . In the context of varying soil erosion susceptibility caused by seasonal changes in the protective vegetation cover (Panagos et al., 2011) , the temporal distribution throughout the year and the timing of the most severe events is an important characteristic of rainfall erosivity. In many studies the 168 K. Meusburger et al.: Spatial and temporal variability of rainfall erosivity factor for Switzerland rainfall erosivity calculation is limited to either time-series analysis of single stations (Mikos et al., 2006; Verstraeten et al., 2006) or for larger spatial scales to regional approximation equations (Bollinne et al., 1979; Rogler and Schwertmann, 1981; Renard and Freimund, 1994; Strauss and Blum, 1994; De Santos Loureiro and De Azevedo Coutinho, 2001; Bellocchi, 2007, 2010; Capolongo et al., 2008) . The original method to calculate the erosivity values for a storm event requires pluviographic records (Wischmeier, 1978) . Due to limited availability of long precipitation time-series with a high temporal resolution, several alternative strategies have been deployed based on the rainfall volume (instead of intensity) for R-factor estimation. However, authors of those erosivity equations suggest using them with caution especially for the alpine region (Mikos et al., 2006) . Only few studies exist that determine R-factor directly from high temporal resolution data in mountain areas of Europe (Rogler and Schwertmann, 1981; Strauss and Blum, 1994; Loureiro and Coutinho, 2001; Mikos et al., 2006; Angulo-Martinez et al., 2009) . For Switzerland the rainfall erosivity map is so far based on a combined approximation equation proposed by Friedli et al. (2006) , where long-term R-factor is approximated by average annual precipitation (mm) after Rogler and Schwertmann (1981) and proportion of snowfall is approximated by elevation (m a.s.l.) after Schüpp (1975) . Because rainfall erosivity is not distributed uniformly through the year, for the evaluation of soil erosion hazard continuous maps and temporal patterns of rainfall erosivity are needed. Interpolation of rainfall erosivity is challenging because of the high temporal and spatial variability of the R-factor long time series and good covariates are needed.
This study aims to evaluate the temporal as well as the spatial distribution of rainfall erosivity and to produce a map of average annual rainfall erosivity for Switzerland. We propose an automated algorithm for estimation of rainfall erosivity R-factor from high resolution precipitation-and temperature data. Including an adaptation of the code to account for snowfall in elevated areas of Switzerland.
Materials and methods
The precipitation regime of Switzerland is characterised by a distinct seasonality with lowest precipitation in winter and highest in summer. The rainfall distribution in winter is characterised by westerly winds causing high precipitation in the north-western part and low precipitation in central and eastern parts of Switzerland. The relief of the Alps has a strong influence on precipitation and temperature. Convection events promoted by the mountainous relief are an important driver of total rainfall in summer. The south side of the Alps is characterised by high rainfall exceeding the national average for all seasons except for the relatively dry winters. Rainfall data was available for 71 automatic and heated stations in Switzerland (Fig. 1) . Each station provides precipitation data at a time resolution of 10 min and temperature data at a time resolution of 1 h. For most of the stations (n = 56) time series of 22 yr were available. The remaining stations had a recording length of at least 5.4 yr. The data were subject to a quality control by MeteoSchweiz (Begert et al., 2005) . The stations are well distributed throughout Switzerland (Fig. 1) and represent different geographical zones and climate regions.
Computation of rainfall erosivity
The RUSLE R-factor was employed to create a database of erosive events. RUSLE R-factor is the product of kinetic energy of a rainfall event and its maximum 30-min intensity (Brown and Foster, 1987) :
where R-factor is average annual rainfall erosivity (MJ mm ha −1 h −1 yr −1 ), n is the number of years of records, m j is the number of erosive events of a given year j , and EI 30 is the rainfall erosivity index of a single event k.
The event erosivity EI 30 (MJ mm ha −1 h −1 ) is defined as:
where e r is the unit rainfall energy (MJ ha −1 mm −1 ) and the vr the rainfall volume (mm) during a time period r. I 30 is the maximum rainfall intensity during a period of 30 min in the event (mm h −1 ). The unit rainfall energy is calculated for each time interval as follows: where i r is the rainfall intensity during the time interval (mm h −1 ). In addition to the R-factor we calculated monthly sums of EI 30 .
The criteria for the identification of an erosive event are given by Renard et al. (1997) : (i) the cumulative rainfall of an event should be greater than 12.7 mm, or (ii) the event has at least one peak that is greater than 6.35 mm in 15 min and (iii) a rainfall-period of less than 1.27 mm in 6 h is used to divide a longer storm period into two storms.
In our code we modified the second criteria of Renard et al. (1997) . A threshold of 8.47 mm/20 min instead of 6.35 mm/15 min was used in order to best fit to the time resolution of the precipitation data (10 min). The likelihood to observe an 8.47 mm/20 min event is slightly smaller than a 6.35 mm/15 min event. However, the additional number of erosive events due to this intensity criteria is marginal (only two stations had additional events due to the changed intensity criteria). Several stations are elevated and a large proportion of the annual precipitation occurs as snowfall that the heated stations measure erroneously as rainfall. For this reason a temperature threshold, below which precipitation records are not considered when searching for rainfall events, was used. Here we applied a temperature threshold of 0 • C (Leek and Olsen, 2000) .
The algorithm was implemented in C programming language. The proposed algorithm can be reused for other local/regional/national applications where rainfall data and temperature data are available with the same temporal resolution.
Rainfall erosivity mapping for Switzerland
The dataset consists of 71 stations for an area of 41 285 km 2 . Regression-kriging was used to interpolate the at-site estimated R-factor to a map. The purpose of the multiple regression was to identify relations between the target variable (here: R-factor) and other variables with a better spatial resolution (covariates). The resulting residual map was interpolated by ordinary kriging and added to the regression map in order to improve the spatial prediction. Regressionbased methods have proved to be suitable for large regions with complex atmospheric conditions and with sparse sample network (Daly et al., 2002; Weisse and Bois, 2002) . Kriging might further improve the spatial prediction if there is a spatial dependence of the regression residuals (Hengl et al., 2004) . The elevation, aspect (digital elevation model of Swisstopo, 25 m spatial resolution), latitude, longitude, average (1971) (1972) (1973) (1974) (1975) (1976) (1977) (1978) (1979) (1980) (1981) (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) annual precipitation map on a grid of 1.25 min mesh width (Schwarb, 2000) , and the main biogeographic units of Switzerland (Gonseth et al., 2001) were used as covariates. The biogeographic unit map is the only categorical variable (6 categories: namely Jura, Midland, north side of the Alps, south side of the Alps, Western and Eastern Alps) and was transformed to indicator maps. For the multiple regression analysis the variance inflation factor (vif) was used to assess multicollinearity between the covariates. Further the covariates were normalised by subtracting the mean from the raw data and then dividing by the standard deviation (standard score procedure). The Rfactor was log-transformed to achieve a normal distribution. The "best" subset of predictors was selected by a stepwise forward selection procedure. The significance for inclusion of a predictor was set to 0.05 for exclusion to 0.1. The regression coefficients were determined by generalised least squares estimation that allows for spatial correlation of residuals (Cressie, 1993) and were used to derive the regression map in Esri ArcGIS 10. A stable semivariogram model was used to parameterise the spatial autocorrelation between the residuals coming from the regression multiple analysis. Nonconstant error variance test was used to assess homoscedasticity of the residuals of the regression-kriging. Prior to the regression-kriging procedure a stratified split into an interpolation (53 stations) and a validations dataset (18 stations) was done. The validation data was selected in such a way to both represent the entire study area and to decluster the dataset (Fig. 1) .
The multiple regression was done with R statistical analysis package (R Development Core Team, v 2.13), the geostatistical analyses were done in Esri ArcGIS 10.
Trend analysis
A minimum time period of 20-25 yr is recommended for the calculation of a long-term R-factor (Wischmeier, 1987; Renard, 1997) . However, these time series might not be long enough for trend analysis due to the high temporal variability of rainfall erosivity. Five tests were selected to evaluate the departure of homogeneity in the R-factor time series at stations with data for 22 yr: the standard normal homogeneity test (SNHT) (Alexandersson, 1986) , the Buishand range test (Buishand, 1982) , the Pettitt test (Pettitt, 1979) , the Neumann ratio test (Von Neumann, 1942 ) and the seasonal Mann-Kendall test (Hirsch et al., 1982) . The first three tests are more suitable to identify break points in timeseries data. The Pettit test is based on ranks, which implies that it is less sensitive to outliers. The Buishand range and SNHT test assume a normal distribution of the test variable. The Neumann-ratio and the Seasonal Mann-Kendall test are Fig. 5 . Comparison or R-factor calculated from 10 min data versus R-factor based on average annual rainfall using the (left) approximation equation of Rogler and Schwertmann (1981) and (right) the adapted one by Friedli et al. (2006). capable to identify monotonic trends of a time-series. The Seasonal Mann-Kendall test was applied for the monthly erosivity values. Yearly R-factor values were tested with the four other tests. Additionally a Mann-Kendall trend test was used to identify trends for individual month of all stations (Mann, 1945) . The seasonal variability of rainfall erosivity is illustrated by monthly regime coefficients, which is the erosion index (EI 30 ) summarised over a specific month (January, February, . . . , December) for all years divided by the erosion index summarised over the entire period. The regime coefficient is a normalised value, which allows for relative comparison between of seasonal dynamic between stations.
Results and discussion

Rainfall erosivity map of Switzerland
The long-term R-factor is significantly (p < 0.001) related to average annual precipitation and could explain 53.4 % of the spatial variation. Elevation is another significant (p < 0.001) predictor that further improved the prediction (74.1 % of the observed variability could be explained with these two predictors alone). The indicator map of the Western Central Alps (Canton Valais) was another significant (p < 0.01) predictor. Covariates as latitude, longitude, aspect and the other biogeographic units were excluded by stepwise multiple regression. The following multiple regression equation was used to interpolate the long-term R-factor of the single stations:
where nP is the normalized average annual precipitation, ndem the normalized elevation and west the biogeographic unit indicator map of the Western Central Alps. The multiple regression model based on three predictors could explain 79.5 % of the observed spatial variability of the interpolation dataset and yielded also a good prediction (R 2 = 0.68) for the independent validation dataset (Fig. 2 left) . The residuals of the model are normally distributed and a non-constant error variance test confirmed homoscedasticity of the residuals (p = 0.015). The vif indicated a collinearity between average annual precipitation and elevation (vif < 3.3). However, regression models based on either annual precipitation or elevation yielded lower R 2 values and heteroscedasticity of the residuals.
The residuals derived from the multiple regression analysis were interpolated by ordinary kriging using a stable semivariogram model. The semivariogram of the residuals showed a clear spatial dependence with a range parameter of 56 km. The prediction standard error map shows lowest prediction errors close to the interpolation points. The prediction error gradually increases with distance to the interpolation points (Fig. 3) . The estimates of the regression model and the krigged residuals were added to produce a regression-kriging prediction. The predictions of the regression-kriging for the independent validation dataset performed better (R 2 = 0.76) than for the multiple regression model alone (Fig. 2 right) . Further, the residuals resulting from the regression-kriging prediction were normally distributed and homoscedastic (non-constant error variance test: p = 0.527).
Several techniques for mapping the rainfall erosivity have been compared by Angulo-Martinez et al. (2009) for a study site in Spain (Ebro basin 85 000 km 2 ) using precipitation data of 112 stations. Concerning the validation statistics local interpolation methods like Inverse Distance Weighting (IDW) performed best for the Ebro basin. Compared to spline-and kriging interpolation IDW performed also best for a study area in Japan (Santosa et al., 2010) . One explanation might be the lack of significant relations between rainfall erosivity and the spatial covariates. For the Swiss dataset the predictive power of the covariates is good, thus, the regressionkriging interpolation seemed to be the best choice for the Swiss rainfall erosivity map (Fig. 4) . The mean R-factor of all investigated stations is 1330 MJ mm ha −1 h −1 yr −1 with a maximum of 5611 MJ mm ha −1 h −1 yr −1 at the station Locarno Monti in Ticino (south side of the Alps) and a minimum of 124 MJ mm ha −1 h −1 yr −1 at the station Corvatsch in Grisons (Eastern Central Alps). The descriptive statistic of the obtained Swiss R-factor map shows similar characteristics with a mean R-factor of 1217 MJ mm ha −1 h −1 yr −1 that ranges from 117 to 6500 MJ mm ha −1 h −1 yr −1 . In general, Ticino is the region with the highest rainfall erosivity followed by elevated stations north of the Alps (e.g. Säntis, Adelboden; Fig. 4 ). Medium level erosivities are observed in the north-western part of Switzerland. The regions with the lowest rainfall erosivities are the Valais and Grisons (Fig. 4 ). An overview of the R-factor for each station is given in Table 1 .
The average R-factor values found for Switzerland are similar to the ones published by Mikos et al. (2006) for an alpine region in Slovenia, which range from 1580 to 2700 MJ mm ha −1 h −1 yr −1 for different years of one station. However, the Ticino values are twice as high as the maximum value observed for the Slovenian station, which can be explained by higher annual precipitation means (>1700 mm compared to 1370 mm in Slovenia) and by the strong influence of orographic rainfall in Ticino. Small erosivity values occur in the western and eastern parts of Switzerland, which is mainly due to a very low annual precipitation in combination with a high proportion of snowfall (identified by the temperature controlled snowfall threshold). The observed Rfactor pattern corresponds well to the distribution of thunderstorms in Central Europe (van Delden, 2001 ). The frequency of thunderstorms is reported to be high in the Jura Mountains, the Swiss plateau and the Po valley at the foot of the Alps. The latter is due to the source of warm moist air of the Mediterranean sea in combination with orographic uplift especially in the late summer season (van Delden, 2001) . A relative minimum of thunderstorm frequency is reported for inner Alpine valleys (van Delden, 2001) .
The relationship between the obtained erosivity map and the former map after the approximation equation of Rogler and Schwertmann (1981) , which was adapted to Switzerland by Friedli et al. (2006) and Prasuhn et al. (2007) can be described by a linear equation (R 2 adj. = 0.56; Fig. 5  right) . The original Rogler and Schwertmann equation that does not account for snowfall yields lower agreement (R 2 adj. = 0.41; Fig. 5 left) . Even though the spatial pattern according to the adapted equation corresponds well, the rainfall erosivity is generally underestimated: average R-factor for all Swiss stations is 775 MJ mm ha −1 h −1 yr −1 , which is 42 % less than the R-factor determined using the original equation with the high temporal resolution data. The highest underestimation occurs for stations with high rainfall erosivity particularly in the Ticino (e.g. Locarno/Monti, Magadino/Cadenazzo, Stabio etc.). A slight overestimation is observed for stations in the West and Central Alps (e.g. Visp, Grimsel Hospitz, Altdorf and Sion). The equation of Rogler and Schwertmann (1981) was developed in the Bavarian Alps (Germany) and seems to be limitedly transferable to the Ticino and Valais region due to the strong influence of orographic effects.
Temporal variability of rainfall erosivity
Annual R-factor for the period 1989 to 2010 shows distinct inter-annual variability (Fig. 6) . The coefficient of variation is large (45 % for Bern, 36 % for Cimetta), especially for the stations with lower R-factor (59 % for Samedan and 55 % for Basel, respectively). This high variability is most likely the reason why seasonal Mann Kendall trend test of single stations (with data available for 22 yr) could not identify significant trends in rainfall erosivity. A high variability of R-factor is also observed for the yearly time-series that were tested with the Pettitt-Buishand-, SNHT-and Neumann ratio test. For none of the stations and tests the null hypothesis of homogenous data distribution could be rejected (at a p = 0.01 level). Even no significant trend was found for a much longer time series of 105 yr in Belgium (Verstraeten et al., 2006) . To extract the intra-annual variability of rainfall erosivity, rainfall erosivity regimes were calculated. The regimes were grouped into altitudinal classes (Fig. 7) . The rainfall erosivity is characterized by a strong seasonality with highest regime coefficients in the summer months (May to September) and lowest in the winter month (December to March). For elevated stations a more pronounced peak of rainfall erosivity in summer months is observed (3 to 5 times higher than the average yearly rainfall erosivity), due to the long snowfall season e.g. station Corvatsch (3350 m a.s.l.). For most stations rainfall erosivity peaks in July or (particularly in the Jura and the northern Alps) in August. The erosivity regimes clearly highlight the importance of monthly rainfall erosivity maps for soil erosion risk assessment (Renard et al., 1997) .
Mann-Kendall trend test for single months over the 22 investigated years identified a significant increasing trend of rainfall erosivity for May to October and a significant decreasing trend for February (Table 2 ). The observed increasing trend in the R-factor corresponds to climate change prognosis that predict reductions in average summer precipitation accompanied by an increase in high intensity precipitation events for many parts of Central Europe and the Alps (Christensen and Christensen, 2003; Schär et al., 2004; Frei et al., 2006) . Further the trends are supported by an assessment of thunderstorms distribution for Europe, where the highest frequency was observed in the vicinity of the Alps for the season April to October (van Delden, 2001 ).
Changes in rainfall erosivity cannot be directly linked to soil erosion risk because of the seasonal variability of vegetation cover. However, three out of the six month (May, September, October) with significant increasing trends can also be expected to have relatively sparse or instable vegetation cover, thus increasing soil erosion rates can be expected. Most cultivated areas (e.g. winter crop, corn, vegetable fields) as well as alpine grasslands will have low vegetation cover and water saturated conditions in May ( Vandaele and Poesen, 1995; Le Bissonnais et al., 2002; Konz et al., 2010) and will be harvested/grazed in September/October (Favis-Mortlock and Boardman, 1995; Leek and Olsen, 2000; Helming et al., 2005) and will thus be susceptible to erosion during snow melt and/or heavy rain events.
For the winter season a decreasing erosivity trend for February was identified. Winter precipitation is predicted to increase by 10 % for Switzerland (OcCC ProClim, 2007) . The duration of snow accumulation is expected to be reduced by up to 100 days (e.g. at the station Säntis) (Beniston, 2003) due to higher winter minimum temperatures. The combined effect of these developments is expected to increase soil erosion by runoff. However, do not necessarily result in an increase of high intensity events as defined by the (R)USLE R-factor.
Conclusion and outlook
The R-factor was successfully (R 2 adj. = 0.80 for the interpolation dataset and R 2 adj. = 0.76 for the validation dataset) mapped for Switzerland using a regression-kriging approach. The availability of a rainfall erosivity map is a key issue not only for soil erosion and landslide risk assessment but also for agricultural management and soil conservation practices.
The application of a temperature threshold below 0 • C considering the low erosivity of snow fall improved the rainfall erosivity estimates for mountain areas. However, in mountain areas further research may be directed to quantify erosivity caused by snowmelt, snowgliding and avalanches, which is not yet accounted for in the R-factor.
The analysis of both the spatial and temporal patterns of rainfall erosivity yielded crucial new information for soil erosion assessment in Switzerland. First rainfall erosivity is on average 72 % higher as expected from the former applied approximation equation proposed by Friedli et al. (2006) and particularly high rainfall erosivities were underestimated. The results obtained for the spatial and temporal distribution of the R-factor provides information on the relative importance of erosivity in different regions and also compared to other soil erosion risk factors. Second the monthly rainfall erosivity is significantly increasing in the months between May to October. These results imply that trends in time-series of single stations are likely, too. Further analysis of longer time-series is necessary to assess, which areas of Switzerland are affected by probably also opposed trends.
The added effect of high rainfall erosivity will most likely result in an increased soil erosion risk mainly in the month May, September and October for some parts of Switzerland with scarce vegetation cover. In order to implement soil conservation practices a detailed identification of the timing and location of erosion prone areas is necessary, which could be achieved by combining Swiss-wide monthly rainfall erosivity maps with the risk of soil being exposed and land use management information.
